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Big Data Analytics (BDA) has the potential to 
transform  business models, firms and the competitive 
landscape. Though, creating value from BDA 
investments seems challenging as many technical and 
managerial challenges are involved. Due to its 
complexity, the value generated from big data depends 
on how well a firm’s Big Data Analytics Capability 
(BDAC) is developed. Drawing on the Resource Based 
View (RBV), the IT business value approach and the 
BDAC literature, we study the relationship between a 
firm’s BDAC and the realization of a competitive 
advantage. We used survey data from multiple 
respondents per firm (i.e. IT managers and Business 
managers) in 112 Belgian and Dutch firms. Using 
PLS-SEM, we found a direct relationship between a 
firm’s BDAC and the perceived realization of a  
competitive advantage. We also found a partial 
mediation of this relationship via the performance of 
the firm’s operation management process. 
1. Introduction  
A study by Accenture shows that no less than 87% of 
the companies believe that BDA (big data analytics) 
will redefine the competitive landscape of their 
industries at short notice [1]. As a result , the number 
of firms investing in data analytics to improve their 
competitive advantage and performance is growing 
[2]. These firms believe that BDA will generate 
insights from their datasets which will help them to 
improve their performance [3]. However – due to 
technical and managerial challenges – firms have 
difficulties to successfully deploy their BDA 
investment [4] or consider BDA as complex and 
overwhelming [5]. Examples of barriers and 
challenges are omnipresent [6]: data processing  
bottlenecks and complexity, legacy IT systems, 
management of different data formats, lack of data 




understanding how BDA can improve business 
performance, … Not surprisingly, only 27% of the 
companies that invested in data analytics considered 
their investment to be successful [7]. 
According to Hu et al. [8] the value generated from big 
data depends on how well a firm’s big data analytics 
capability (BDAC) is developed. In recent years there 
have been a number of studies that have focused on the 
development of a big data analytics capability 
measurement instrument [9, 10]. Côrte-real et al. [11] 
launched a call for research to understand the path 
between a firm’s BDAC and the realization of a 
competitive advantage. Responding to this call, we 
adopt a process-level approach to unravel  whether a 
firm’s BDAC is directly associated with a firm’s 
competitive advantage or whether the relationship is 
mediated by  underlying mechanisms which is 
consistent with the IT business value process 
perspective which argues that organizational level 
impact of IT (i.e. the realization of a competitive 
advantage) is realized through the intermediate 
process level contribution [12, p. 626] 
Hence, using unique survey data collected from 
multiple respondents per firm, we  study the   
following research questions: 
RQ1: Is a more  developed BDAC  associated with a  
a stronger competitive advantage?  
RQ2: Is the impact of BDAC on a firm’s competitive 
advantage mediated by improved Operations 
Management Process (OMP) performance, Customer 
Management Process (CMP) performance and/or 
Innovation Management Process (IMP) performance? 
The remainder of the paper covers following topics. 
Section 2 provides a short review of the literature on 
the development of a BDAC and the relationships with 
firm outcome variables. Section 3 presents the 
hypothesis development. Section 4 outlines the 
research methodology and describes the data 
collection procedure. Section 5 presents the results. 
Next, results are discussed and concluded in section 6. 





Finally, in section 7 and 8 respectively,  we outline 




2.1.  Big Data Analytics Capability (BDAC) 
Big Data is defined on the basis of the so-called four 
V's: volume, velocity, variety and veracity [13]. Big 
Data thus adds new dimensions to analytics which 
simultaneously requires adapted human skills and 
technical resources to its unique characteristics [4]. It 
is argued that, in order to capitalize the potential role 
BDA can play in an organization, BDA requires the 
following elements: a data-driven culture, new 
technological techniques and human competencies [9]. 
Thus, a firm’s BDAC implies a unique blend of its 
financial physical, human, and organizational 
resources to create a capability, which is difficult to 
match by competitors [10]. Cosic et al. [14, p. 4],  
defined BDAC as "the ability to utilize resources to 
perform a business analytics task, based on the 
interaction between IT assets and other firm 
resources.” As a result, the adoption of BDA comes 
along with significant challenges from a managerial 
and cultural point of view [15]. 
2.2.  The impact of BDAC on the organization 
Our study aims to  investigate the relationship between 
a firm’s BDAC and the perceived realization of a 
competitive advantage and how this relationship is 
mediated by the performance of three internal business 
processes: operational, customer and innovation 
management process performance. We study current 
research on differences in the BDAC construct 
definition, the firm level outcome choice (as 
dependent variable) and how scholars tried to unravel 
this relationship by means of (a) mediating variable(s). 
The first focus of the literature review relates to the  
way in which BDAC is operationalized. Via the 
SCOPUS database, we found 50 articles (45 journal 
articles and 5 conference papers) based on the 
keywords “Big Data Analytics Capability” and “Big 
Data Analytics Capabilities”. All of them were in the 
domain “Business, Management and Accounting” and 
published since 2014. The final selection was limited 
to 24 articles based on abstract screening. An article 
was removed from the selection if it did not aim to 
study the relationship between BDAC and an 
organizational outcome. 10 out of 24 studies measure 
BDAC as a first order construct. This means  that the 
authors do not make a distinction between different 
types of resources (i.e. second and third order 
constructs) Another 10 out of 24 studies do measure 
BDAC as a third order construct which avoids 
oversimplification of a firm’s BDAC. The third-order 
measurements draw on the IT capability literature 
conceptualizing a firm’s IT capability as a 
combination of IT infrastructure/tangible resources, 
human IT resources (both managerial and technical) 
and intangible IT resources [16]. 
Of all papers studied, only five scholars have adopted 
BDAC as a formative third-order construct. This is 
somewhat surprising when applying the four decision 
rules (formative vs. reflective) on the BDAC construct 
[16, 17]. Most important arguments: the second-order 
constructs (i.e. tangibles, human and intangible 
resources) are characteristics (formative) instead of 
manifestations (reflective) of the BDAC. Second, each 
of the three second-order constructs capture a distinct 
facet (formative) of the BDAC and are thus not 
interchangeable (reflective). Since we want to gain 
insight into the building blocks of a BDAC, we adopt 
the formative measurement of Gupta & George [10]. 
This measurement is appropriate for our study as they 
followed the classification of Grant (1991) [19] which 
allows us to disentangle among differences between 
tangible, intangible and human resources. Their 
measurement was empirically validated as well [20]. 
Next, 12 out of the 24 articles studied adopt a 
mediating approach, studying one or more intervening 
variables on the relationship between BDAC and firm 
outcome variables. The most researched mediator is 
the presence of  dynamic capabilities which refers to 
an organization’s ability “to integrate, build, and 
reconfigure internal and external competences to 
address rapidly changing environments [18, p. 516] A 
few scholars [19 - 21] show a positive relationship 
between a firm’s BDAC and the development of 
dynamic capabilities. These dynamic capabilities were 
in turn found to be positively associated with firm 
performance (from both a financial and market 
perspective). Dynamic capabilities also offer a 
valuable explanation of BDAC’s influence on 
innovation [25]. Rather surprisingly, 10 out of 24 
studies defined and investigated a direct relationship 
between a firm’s BDAC and a firm level outcome 
without studying the relevance of a mediating variable. 
Different scholars [23 - 25] hypothesized  and found a 
direct positive relationship with financial performance 
(only) while other scholars found a direct positive 
association with financial performance and other types 
of firm performance such as: market performance [10, 
26], decision-making performance [30] supply chain 
sustainability [31], performance in terms of 
organizational agility or  flexibility [32] and social or 
environmental performance [30, 31]. The relationship 
between a firm’s BDAC and the realization of a 
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competitive advantage is thus still not fully explored, 
especially not when it comes to the impact on process-
level performance.  
3. Theoretical background and 
hypotheses  
We draw on the RBV in order to examine the impact 
of a firm’s BDAC on the realization of a competitive 
advantage. The RBV relies on the principle that 
resources should be valuable, rare, imperfectly 
imitable and organized properly [23, p. 114, 32] and 
that firm competitiveness is a function of the strength, 
expert exploitation, and leveraging of these specific 
internal resources and capabilities [33, p. 531]. As the 
access to resources differs among firms due to 
incomplete markets and as the development of 
capabilities is contingent upon distinct behavioral 
patterns which are complex and involve both formal 
and informal processes, capabilities are assumed to 
build the foundation for sustainable competitive 
advantage [37].  
Our research model conceptualizes BDAC dimensions 
as “having the attributes of complementarity and co-
specialization, which work together in a synergistic 
fashion to achieve distinctive firm performance [1, p. 
117].” The tangible resources (i.e. data and 
technology) can, combined with the required human 
skills (i.e. both technical and managerial) create a 
BDAC in an organizational context. This in turn may 
serve as a source of competitive advantage [35, p. 
176]. Based on this theory and the empirical evidence 
outlined in literature review, we hypothesize that:  
H1: A firm’s BDAC is positively associated with the 
realization of a competitive advantage. 
Additionally, we argue that the effect is (partially) 
mediated by the improvement of three intermediate 
process-level outcomes: OMP, CMP and IMP. OMP 
is related to the efficiency and quality of a firm’s 
operational processes [39]. CMP is related to the 
facilitation of customer selection, acquisition and 
retention [39]. IMP is related to the identification of 
opportunities and the efficiency of new product 
development [39]. 
Our approach relies on the IT business value approach 
which has become common in the Information 
Systems literature to better understand the relationship 
between IT and performance [40]. IT business value is 
defined as “the organizational performance impacts of 
information technology at both the intermediate 
process level and the organization wide level, and 
comprising both efficiency impacts and competitive 
impacts [38, p. 287].”  Business processes are the 
mechanisms through which resources and capabilities 
get exposed to market processes where their ultimate 
value and ability to generate a competitive advantage 
are realized [39, p. 35] 
Elbashir et al. [43] concluded that BI & Analytics 
(BI&A) comes with the improvement in the efficiency 
of internal processes such as enhanced staff 
productivity and the reduction of operational costs. 
According to Torres et al. [44] the operational 
efficiency and effectiveness of a firm’s internal 
business processes, was positively associated with 
increased analytical dynamic capabilities. Wang et al. 
[45] found that BDA stimulates operational 
improvements while Lavalle et al. [15] found that 
BDA can help firms to manage risks, reduce costs and 
improve the visibility of the supply chain. According 
to Whiting [46], dashboards can help firms to collect 
and analyze performance data about the efficiency of 
internal processes and workflows. When the 
information is more easily accessible, less time is 
required to manipulate the data and to identify aspects 
that need attention so that  improvement of  operational 
processes is enabled [47]. Therefore, we assume that:  
H2: A firm’s BDAC is positively associated with a 
firm’s competitive advantage through an improved 
operations management process (OMP). 
Firms that score higher on the BI&A maturity scale 
create, besides internal process efficiency benefits, 
also customer intelligence benefits that arise from a 
better understanding of the customer and the market 
[45, p. 7]. These benefits were found to be associated 
with business performance benefits [49]. Firms are 
able to better map customer wishes and (future) buying 
behavior resulting in better customer service [40, 47]. 
In addition, BI&A systems enable customer 
segmentation which in turn helps firms to reduce 
marketing costs and simultaneously improve customer 
relationship management (CRM) [48, 49]. Increased 
customer satisfaction can improve customer loyalty 
[47] and retention [53] which in turn generates higher 
cash flows. CMP could therefore be an important 
mediator between BDA solutions  and the realization 
of a competitive advantage [54]. This leads us to 
following hypothesis:  
H3: A firm’s BDAC is positively associated with a 
firm’s competitive advantage through an improved 
customer management process (CMP).  
Previous studies provide evidence on the relevance of 
innovation when researching the performance impact 
of BDA. It is argued that BDA can help firms to 
accelerate product innovation processes [55], 
stimulate strategic improvements [45] and 
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experimentation [53, 54]. BDA also holds potential for 
service innovation where the automation of customer-
sensitive service provisions plays an important role in 
the creation of new value propositions [58]. Troilo et 
al. (2017) also concluded that analytics was positively 
related to service innovations, and more specifically: 
service process innovation, customer experience 
innovation and service concept innovation [59]. 
Further, we found evidence that (B)DA capabilities 
have a positive association with financial performance 
through an improved innovative capability [60] or the 
innovation process [61]. On the other hand, Mikalef et 
al. (2019) found that dynamic capabilities fully 
mediate the effect of a firm’s BDAC on both 
incremental and radical innovation capabilities [62]. 
This effect is strengthen under high environmental 
dynamism. Therefore, we assume that:  
H4: A firm’s BDAC is positively associated with a 
firm’s competitive advantage through improved 
innovation management process (IMP). 
4. Methodology 
All multi-item measurement instruments were taken 
from the existing literature. All constructs in the model 
were measured using a 7-point Likert scale. BDAC 
was adopted from Gupta & George [10] measured as a 
third-order formative construct with – in total – 32 
items. Internal business process performance was 
adopted from Hou [39], operationalized by three first 
order constructs: OMP performance (3 items), CMP 
performance (3 items) and IMP performance (5 items). 
Finally, competitive advantage was adopted from 
Schilke [63] as a second-order reflective construct, 
measured by two first-order constructs: financial 
performance (3 items) and strategic performance (3 
items).  
To estimate the research model, we collected 
information from two respondents with different 
functions in each company. Two cross-sectional 
surveys were developed: the (1) BDAC survey and the 
(2) Business Impact survey. Both surveys were pre-
tested in advance to make sure all survey questions 
were understandable and reliable. The feedback led to 
a number of adaptations in the questions (e.g. long-
winded questioning, repetitive measurement items 
etc.) (1) The BDAC survey was addressed to IT 
managers (or similar) in a company . The (2) Business 
Impact survey was targeted to the CEO’s or other 
members of the top management team in the same 
company. This approach is so far rather scarce in 
empirical studies. Though, we are convinced that this 
appraoch reduces social desirability bias and 
measurement error as IT managers (or similar) were 
not asked to judge the impact of BDAC on the 
organization themselves and CEOs were not asked to 
answer on technical questions.  
We contacted 1500 Belgian and 600 Dutch companies 
with at least 50 employees (random sampling). The 
surveys were distributed by e-mail or by direct 
message in LinkedIn. If a company was contacted by 
email, two reminders were sent (each after two weeks). 
One reminder was sent for the Linked-In messages 
(also after two weeks). After deleting incomplete 
surveys, 245 answers on the BDAC survey remained 
(11,5 %). With regard to the Business Impact survey, 
208 complete observations (10%). Based on the 
company e-mail addresses, the answers on both 
surveys could be matched. 112 full observations (5 %) 
were recorded which included responses of the IT 
managers and the business managers of the same firm 
and which could be subsequently used for analysis.   
5. Results  
The model was estimated with Partial Least Squares 
(PLS) using the SmartPLS software. The PLS method 
generates parameter estimates for the prediction of the 
variances of the latent variables. As regards the 
estimation of predicted variances, it must be 
articulated that SEM reports higher variances since 
mediating variables are fully examined so that both 
direct and indirect effects are considered. 
Interestingly, the PLS method does not require 
normally distributed data and can handle complex 
models without any problems. Finally, results remain 
robust for smaller datasets which is not unimportant 
given the rather small sample size [58, p. 315]   
5.1.  Measurement model  
As a first step, we perform a CFA in order to evaluate 
the reliability of all first-order reflective latent 
variables, presented in table 1. The  reported loadings  
(all above the 0.70 threshold) indicate to what extent 
the items reflect the respective construct [65]. In 
addition, the Average Variance Extracted (AVE) (all 
above the 0.50 threshold) measures the amount of 
variance of a construct against measurement errors 
while the Composite Reliability (CR) (all above the  
0.80 threshold) and the Cronbach’s Alpha (CA) (all 
above the 0.70 threshold) show internal consistency of 
the items [66]. Discriminant validity of the construct 
indicators was examined by analyzing the loading of 
each indicator on its first-order. The examination of 
cross-loadings of all first-order constructs yielded 
support for discriminant validity. The indicators of the 
constructs loaded highly on their corresponding 
constructs in comparison to other constructs [67]. 
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Next, we apply the assessment criteria for the 
formative constructs of our model. We first examined 
the weights and significance of the indicators on their 
respective formative construct. We found BR2 to be a 
non-significant indicator for the Basic resources 
(formative) construct. Nevertheless, we decided to not 
delete the indicator as formative constructs are likely 
to have indicators with non-significant weights, 
though providing a distinct contribution to the 
formative construct [68]. 
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The indicators’ weights of the second-order constructs 
– (1) data (β = 0.363, p < .001, VIF = 2.094), 
technology (β = 0.523, p < .001, VIF = 2.067), and 
basic resources (β = 0.311, p < .001, VIF = 1.244) on 
the tangible construct, (2) technical skills (β= 0.473, p 
< .001, VIF = 1.812) and managerial skills (β = 0.619, 
p < .001, VIF = 1.812) on the human skills construct, 
and (3) data-driven culture (β = 0.443, p < .001, VIF = 
3.287) and the intensity of organizational learning (β 
= 0.619, p < .001, VIF = 3.287) on the intangible 
construct – were statistically significant. Similarly, the 
indicators’ weights of the third-order construct – 
tangibles (β = 0.219, p < .001, VIF = 1.956), human 
skills (β = 0.426, p < .001, VIF = 2.064), and 
intangibles (β = 0.478, p < .001, VIF = 2.575) – were 
significant. The Variance Inflation Factors (VIFs) are 
below the strict threshold of 3.3, indicating an absence 
of multicollinearity [18]. 
5.2. Structural model  
The structural model from the PLS analysis is 
summarized in figure 1, where the explained variance 
of endogenous variables (R²) and the standardized path 
coefficients (β) are presented.  The significance of 
estimates (t-values) are obtained by performing a 
bootstrap analysis with 5000 resamples. We found a 
significant, positive effect of a firm’s BDAC on the 
realization of a competitive advantage (β = 0.176, t = 
1.995, p < .05). H1 is thus accepted. Further, we found 
a significant, positive association between a firm’s 
BDAC and the performance of the three measures for 
internal business process performance: operations 
management process  (β = 0.221, t = 2.770 p < .05), 
customer management process (β = 0.238, t = 2.676, p 
< .05) and innovation management process (β = 0.361, 
t = 4.094, p < .001). These results confirm that a firm’s 
BDAC, as high-level organizational capability, 
generates process-level impacts. However, with regard 
to the subsequent effect on the realization of a 
competitive advantage, we only found that an 
improved operations management process is 
positively associated with the realization of a 
competitive advantage (β = 0.414, t = 3.575, p < .001).  
As the direct association between a firm’s BDAC and 
the realization of a competitive holds, OMP 
performance partially mediates the researched 
relationship. H2 is thus accepted while H3 and H4 are 
both rejected. The model explains 22.9% of the 
variation in competitive advantage while the variation 
in OMP, CMP and IMP is explained for respectively 
4%, 4.7% and 12.2%.  
We take into consideration two control variables: 
company size and experience in data analytics. Results 
show no significant effect of firm size (p = .334). 
Traditionally, industry type is considered as well, 
however both firm and strategic performance are self-
reporting measures where respondents were asked to 
rate their firm’s performance relative to competitors. 
Purvis et al. [69] argued that a longer period helps 
organizations to develop expertise to use IT systems 
more effectively to generate business benefits. Results 
however show no significant effect of DA experience 
(p = .605) on the firm’s competitive advantage. 
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6.  Discussion  
The results show a direct and positive association 
between a firm’s BDAC and the realization of a 
competitive advantage which manifests in increased 
financial and strategic performance. 
This finding is in line with existing research [1, 10, 25, 
28]. Beside the direct relationship, we found that the 
impact of a firm’s BDAC on the realization of a 
competitive advantage is partially mediated  through 
increased performance of the operations management 
process. Not surprising since greater efficiency in 
operations has a direct impact on cost savings and 
better organizational functioning.  This  positive 
association between business process performance and 
organizational performance is in accordance with the 
findings of Elbashir et al. [43]. The positive 
association between a firm’s BDAC and the 
performance of the innovation management process is 
in accordance with, among others, Zhang et al. [61], 
Hooi et al. [70] and Upadhyay & Kumar [29]. While 
an indirect effect could be found  through OMP 
performance, a similar observation is – rather 
unexpected – not the case for CMP or IMP 
performance as mediator. One possible explanation is 
that attracting or retaining customers is not necessarily 
(or by definition) advantageous. Indeed, not all 
customers turn out to be profitable. It is  
argued that customers with a negative contribution can 
reach up to 30 percent in both B2C and B2B markets 
[71]. Firms expanding their customer base are 
confronted with an average revenue per customer that 
may decline over time [72]. Furthermore, despite 
careful customer selection, customers can turn out to 
be very demanding en disrespectful which can impede 
employees’ ability to maintain their productivity and 
motivation which can in turn negatively affect firm 
performance [73]. With regard to the non-significant 
impact of IMP performance on competitive advantage, 
evidence shows that 50 to 90  percent of new products 
fail [74] or, at least, that profit and growth  – as a 
consequence of innovation – will be transitory and 
only last as long as the innovating firm can defend its 
position against rivals [75]. While OMP performance 
can have a direct impact on performance, the impact 
of CMP and IMP performance is probably lagged and 
subject to multiple conditions [76]. Visnjic et al. 
(2016) argued, for instance, that the returns for product 
innovation can be delayed which may impact our 
findings [77]. 
Furthermore, with respect to the measurement model, 
we observe  that the first order constructs (i.e. data, 
technology, basic resources, technical skills, 
managerial skills, data driven culture and intensity of 
Figure 1. Research model 
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organizational learning) perfectly build the order 
constructs (i.e. tangible resources, human skills, 
intangible resources). The second order constructs 
perfectly build the third order construct (i.e. BDAC) at 
their turn. Next, we can conclude that human skills (β 
= 0.426) and intangible resources (β = 0.478) are 
relatively more important than the tangible resources 
(β=0.219) for BDAC development. This in line with 
evidence from Kiron [78] and Vidgen et al. [79] 
arguing  that organizational aspects are the biggest 
inhibitors in realizing business value from BDA 
investments. 
7. Implications and limitations  
Overall, this study contributes to the IS literature in 
general and the literature on the development and 
impact of a firm’s BDAC specifically. Prior studies 
have evaluated different mediating variables, but 
empirical research on the relevance of process-level 
performance is lacking. Further, our study emphasizes 
the importance of capability development and the 
importance of managerial aspects (e.g. data driven 
culture, attracting enough talent) to realize a BDAC. 
With the measurement of Gupta & George [10], we 
theoretically distinguishes BDAC from IT capabilities, 
highlighting that the value lies primary in gaining new 
insights and generating intelligence and evidence to 
support transformation or adaptation of the firm’s 
operations. The latter also have implications from a 
practical point of view. Technical, organizational and 
human aspects of BDA should be considered during 
BDA projects in order to develop an effective BDAC. 
We show that a firm’s BDAC can strengthen the 
competitive advantage directly or through the 
fostering of operations management. Operations 
managers need to realize that insights gained through 
a strengthened BDAC can help internal processes run 
more efficiently and effectively. The internal 
functioning of the organization can be optimized and 
costs can be reduced, which can result in a better 
competitive position. The challenge seems to be bigger 
for marketing managers. While a firm’s BDAC can 
facilitate customer selection, acquisition, and 
retention, it remains important to continuously 
monitor the customer value delivered, to make sure  
they are not detrimental to business performance. 
Finally, gained insights into the organization and 
organizational environment can stimulate or feed  
innovation. However, as innovation manager,  you 
should take into account that the manner in which 
innovations are managed and brought to the market 
will partly determine whether a competitive advantage 
can be realized (or not).  
Our study has also limitations. First, we tested our 
model using cross-sectional data which provides only 
limited insights. Longitudinal data can be interesting 
to track whether and how a firm’s BDAC can evolve 
and what the impact is on organizational outcomes. 
Second, the combination with qualitative data can 
provide additional insights into the underlying 
mechanisms and processes. It could clarify how 
improved operations management is translated into a 
competitive advantage or why an improved customer 
and innovation management process is not 
automatically translated in a competitive advantage. 
Third, it should be mentioned that the explained 
variance of the firm’s competitive advantage is 
acceptable but a bit lower compared to comparable 
studies. This leads us to conclude that while the 
performance of the internal business processes is 
important, more research is certainly needed into 
important drivers of competitive advantage that can be 
triggered by a better developed BDAC. Fourth, we 
adopted perceptual performance measures, which 
could be replaced by objective measures to present a 
concrete picture of BDAC's impact on firm 
performance. Fifth, it could be interesting to study the 
BDAC in a specific functional setting, for instance, 
marketing analytics or supply chain analytics. Last but 
not least, even though BDA is still hot and relevant, 
new technologies such as machine learning and AI 
needs attention as well and how capabilities can be 
developed around these emerging technologies.  
From the above limitations, opportunities can arise for 
future research. Future work may continue to improve 
the BDAC model by identifying new big data 
resources. In addition, other relevant intervening 
variables can be taken into account to further unravel 
the relationship between a firm’s BDAC and the 
realization of a competitive advantage. It could be 
interesting as well to check whether or not contextual 
variables or firm-specific characteristics might have an 
influence on the observed relationship between a 
firm’s BDAC and the performance of internal business 
processes and the ultimate realization of a competitive 
advantage. 
8. Conclusion  
The objective of this study was to study the 
relationship between a firm’s BDAC and the perceived 
realization of a competitive advantage (RQ1). We also 
introduced the performance of three intermediate 
internal business processes in order to test for 
mediation: the operations management process, the 
customer management process  and the innovation 
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management process (RQ2). From a theoretical point 
of view, we relied on Gupta & George’s third-order 
formative operationalization  of the BDAC construct, 
the IT business value approach and the resource based 
view as base theory for hypothesis development. A 
direct positive relationship was found between a firm’s 
BDAC and the perceived realization of a competitive 
advantage. An indirect effect was found for OMP 
performance, but not for CMP performance or IMP 
performance.  
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